ABSTRACT An intelligent community hybrid energy system (ICHES) includes renewable energy power generation equipment, distributed controllable generation equipment, energy storage systems, mobile agents, and large numbers of fixed loads. In recent years, many studies of hybrid energy systems have been considered from the perspective of cost. However, the pollution and robustness of the system cannot be ignored. To address these issues, this paper introduces the environmental impact ratio of power generation and power supply robustness into the model and proposes a novel intelligent community hybrid energy optimization model. The proposed model is a multi-objective optimization problem. To address this complex multi-objective optimization problem, a direction vector adjustment (DVA) mechanism is introduced into the multi-objective evolutionary algorithm based on decomposition (MOEA/D) using localized penalty-based boundary intersection (LPBI) (MOEA/D-LPBI). Then, an improved MOEA/D-LPBI-DVA is proposed. The experimental results show that our model is more reasonable and outperforms existing models. The solutions obtained allow the problem to have a better effect, thereby effectively optimizing the hybrid energy output and achieving the multi-objective optimization requirements of low cost, low pollution, and high robustness of the system power supply.
I. INTRODUCTION
Currently, under the dual heavy pressures of the ever-growing demand for energy and green development, the mode of the combination of traditional generator set (GS) power generation and renewable energy power generation, including photovoltaic (PV) power generation, wind turbine (WT) generation, etc., has rapidly grown [1] . However, the discontinuous output and random accessibility of renewable power generation equipment have undoubtedly greatly impacted the robustness of the hybrid power grid [2] . The energy internet (EI) provides a new solution for this hybrid mode. EI is based on advanced electronics technology [3] , smart energy
The associate editor coordinating the review of this manuscript and approving it for publication was Shantha Jayasinghe. management, and highly reliable communication technology and is able to optimize the output of hybrid energy in an efficient and appropriate way [4] . The distributed power generation, supply and storage equipment, energy conversion devices, correlated loads, monitoring equipment, etc. in an intelligent community hybrid energy system (ICHES) constitute a micropower supply system. The majority of the power supply devices in an ICHES, including the micropower generation unit, PV panel and small WT, are all types of lowcapacity power generation equipment [5] . Such systems also posses low-capacity electricity storage devices, such as storage batteries (bats) and multi-agents (MAs, e.g., electric vehicles (EVs). Low-capacity electricity storage devices boast advantages of low cost, having low voltage requirements and resulting in less pollution.
Generally, the total energy consumed in an ICHES is greater than 70%. Thus, there is a pressing need to perform energy scheduling optimization [6] . Under the precondition that all loads are supplied with sufficient electricity, many previous studies have focused only on minimization of the power supply cost, which enables electric power producers to minimize the cost of power supply to a certain extent. Recently, energy crises and pollution discharges have simultaneously become two hotspots in green communities. To merely focus on the associated cost of a system no longer sufficient, that is the pollution generated by the system must also be taken into consideration. Moreover, the power supply robustness must be taken into account because access to the renewable power generation equipment, which can have intermittent output, can create the aforementioned crises [7] .
Given the cost of power generation, the environmental impact ratio of power generation and robustness of the power supply, a hybrid energy optimization model for an ICHES is presented. The model, a non-deterministic polynomialtime (NP)-hard problem, cannot obtain a better solution without a capable optimization algorithm. Compared with the non-dominated sorting multi-objective evolutionary algorithm (MOEA) [8] , the multi-objective evolutionary algorithm based on decomposition (MOEA/D) [9] has gained more attention and has been more widely applied. The MOEA/D, based on mathematical programming, decomposes the objective into N scalar sub-problems rather than dealing with the objective as a whole [10] . The MOEA/D attracted broad attention and a range of research inquiries due to its outstanding performance in obtaining a Pareto front (PF) for a multi-objective problem (MOP) [11] . In fact, significant opportunity for improvement of the traditional MOEA/D remains with respect to degenerate and discontinuous PFs. As a result, improved versions of the MOEA/D are routinely emerging. The multi-objective evolutionary algorithm based on decomposition (MOEA/D) using localized penaltybased boundary intersection (LPBI) (MOEA/D-LPBI) was proposed by Ming et al. [12] , which is based on LPBI; the algorithm divides the objective space into N conical sub-areas (i.e., hypercone, HC) by taking the centre line of the cone as the direction vector of the sub-area and seeks the optimal Pareto solution in the conical region of a limited angle. This algorithm is more competent than the traditional MOEA/D in optimizing the objective with a complex PF. On the basis of the MOEA/D-LPBI, we introduce a direction vector adjustment (DVA) mechanism into the MOEA/D-LPBI that allows us to repeatedly adjust the original constant direction vector. When certain direction vectors in many objective spaces are regarded as invalid, the invalid vectors are replaced by newly generated direction vectors, which accelerates the convergence of the algorithm. The MOEA/D-LPBI-DVA, which is the improved algorithm based on the above two ideas, is applied to the optimization of the power supply cost, environmental impact ratio and power supply robustness of an intelligent community hybrid energy optimization model (CEOM).
There are three main contributions in this paper: 1) In contrast to most of the existing works on this topic, in this paper, we propose a robustness indicator to measure the capability of an intelligent community power supply system to recover after a certain disturbance.
2) In our novel CEOM, robustness and pollution are considered equally important indicators. Unlike other works, we adpot a dynamic scheme in this model. The number of power generation and electricity storage devices can be controlled dynamically according to daily weather and electrical load conditions.
3) To solve the CEOM, an improved MOEA/D-LPBI is proposed, which is called the MOEA/D-LPBI-DVA. In the MOEA/D-LPBI-DVA, we have introduced the DVA mechanism to adjust invalid direction vectors and guarantee the validity of the population of direction vectors. The results show that the improved algorithm can achieve an improved performance.
This paper is structured as follows: the related work on energy management are introduced in section II. The optimization model used for the hybrid energy management of an intelligent community and its constraints are described in section III. The optimization model includes three subobjectives: cost, environmental impact ratio of power generation and robustness of the power supply. Section IV analyses the process of the MOEA/D-LPBI-DVA in determining the optimal solution. Section V presents our analysis of the experimental result. In this section, the improved MOEA/D-LPBI-DVA is compared via two approaches with the MOEA/D-LPBI and the preference-inspired co-evolutionary algorithm using goal vectors (PICEA-g [12] ). In addition, a comparison is made between the model without robustness and that with robustness. Finally, a summary is provided in section VI.
II. RELATED WORK
Due to the extensive application and widespread use of intelligent communities, the optimization of hybrid energy control for intelligent communities has become a popular area of study. Many domestic and overseas experts and scholars have conducted a significant amount of research in this area, focusing mainly on a few specific points, although their emphases have been diverse in their studies.
In most studies, power generation equipment and electricity storage equipment have all been placed in the electricity consumption area rather than having been hired from centralized power suppliers. The latter is less flexible and without the ability to share power equipment. Minimization of the power generation cost has always been a goal of researchers. However, the cost of renewable energy power generation is rarely included in such cost calculations. Reference [13] has taken the power generation cost and maintenance cost of the hybrid power supply system into consideration while neglecting the cost of interaction with external grids.
In terms of environmental pollution, carbon dioxide is a focal point of range of investigations [9] , [14] , [15] . However, dust pollution, which is the major cause of haze, has attracted VOLUME 7, 2019 insufficient attention to date. Reference [12] neglected the pollution caused by the external grid. These reports lack sufficient integrity in terms of the sources of pollution and types of pollution. Instead of focusing only on minimizing the power supply cost, the environmental impact ratio of power generation must be considered in a comprehensive way because environmental protection is an important consideration today.
To date, many researchers have introduced various renewable energy sources into intelligent communities; however, some of these communities lack sufficient attention to the problems of power supply discontinuity and random access. One practical solution is to utilize MAs in modelling. An MA can accelerate the electrical discharge to maintain the power balance between charging and discharge behaviour of the system when the renewable energy power supply system generates insufficient electricity. The electricity stored in an MA can also meet the demands of electrical loads in an intelligent community within a short time when the external grid is down. Therefore, introducing an MA into the modelling and analysis of the electrical loads of a power distribution system contributes to the robustness of the power supply.
This paper takes three sub-objectives, namely, the cost, environmental impact ratio of power generation and robustness of power supply, into consideration in the construction of a hybrid energy optimization model of an intelligent community. The power generation cost includes the rental charges of all power generation and electricity storage equipment and the expenses incurred during equipment operation. The environmental impact ratio of power generation is the ratio of the pollution treatment cost to the total power generated. The robustness is the weighted sum of the robustness of electricity storage and the robustness of electricity supply.
III. PROBLEM FORMULATION
This paper presents a dynamic optimization model for hybrid energy in intelligent communities. The model relies on overall cost consideration. The impact on the environment due to power generation is also considered in the form of the environmental impact ratio of power generation. Finally, a robustness criterion is introduced to measure the power supply robustness of the whole ICHES.
A. OBJECTIVE FUNCTION
Due to the high level of intermittency randomness and weak support of renewable energy power generation in an ICHES and the dynamic charging of many MAs, the traditional operation mode of a one-way tidal flow power grid is no longer sufficient. Today, human society needs clean renewable energy power generation with an effective degree of control over the charging and discharge of MAs, so that the cost and pollution levels can be minimized while simultaneously ensuring a higher robustness and satisfying the demands of all of the electrical loads in a grid. Therefore, the hybrid energy optimization model is actually an MOP, which is described in detail as follows.
(1)
1) POWER GENERATION COST
The power generation cost includes the costs of the GS, PV, WT, MA, and bat. The cost is expressed as follows:
where COST GS is the cost of the GS, including the rental charge, fuel cost and costs of GS start-up and suspension, which can be expressed as follows:
where T is the duration period, N GS (t) is the number of power supply GSs working during time interval t, C GS is the rental charge of each GS, P GS (t), C fule_GS (P GS (t)) and C OF_GS GS are the power supply, fuel cost and fees of the start-up and suspension of a GS during interval t, respectively; GS indicates the change in the number of GSs between adjacent time periods and C fule_GS (P GS (t)), the fuel cost, is calculated [16] with equation (4) as follows:
where λ 1 , λ 2 and λ 3 are cost coefficients of the fuel consumed by the GS. C OF_GS ( GS ) represents the costs of start-up and suspension of a GS and is expressed as follows:
where C ON _GS is the cost of cold start-up and C OFF_GS is the cost of hot start-up. COST PV is the cost of a PV unit including the rental charge and the cost for repairing the PV unit. The cost can be expressed as follows:
where N PV (t) is the number of PV panels rented during interval t, C PV is the rental charge of each PV panel, α and C repair_PV are the probability of damage of the PV panels and the repair cost of each PV panel, respectively.
COST WT is the cost of a WT, including the rental charge and the cost for repairing the WT. The cost can be expressed as follows:
where N WT (t) is the number of WTs rented during interval t, C WT is the rental charge of each WT, β and C repair_WT are the damage probability and the repair cost of each WT, respectively. COST MA is the discharge cost of an MA, which is related to P MA2g (t) and C MA2g (t), which are the power and price of the electricity discharged by an MA to the ICHES. The cost is expressed as follows:
where P MA2g (t) is the sum of the discharged power amounts of the MAs during interval t,
, N v is the number of MAs, P n MA2g (t) is the discharge power of the n th MA during interval t, and C MA2g (t) is the spot price.
COST bat , the cost of electricity storage, includes the rental charge and repair cost for a bat. The cost is identified [17] by equation (9) as follows:
where N bat (t) is the number of batteries, which are the electricity storage equipment, rented during interval t, C bat is the rental charge of each batteries, γ and C repair_bat are the damage probability of the bats and the repair cost of each bat, respectively. COST inter is the expense of two-way power transmission between the ICHES and external grids, which includes three parts: the revenue from the sale of electricity to external grids, the cost of purchasing electricity from external grids and the interaction cost. The cost is expressed as follows:
where P in (t), P out (t), C in (t) and C out (t) are the power purchased, power sold, price of the purchased electricity and electricity selling price, respectively, during interval t. C inter is the interaction cost, and the interaction cost is related to the sum of the power purchased from outer grid and power sold to outer grid.
2) ENVIRONMENTAL IMPACT RATIO OF POWER GENERATION
The environmental impact ratio of power generation is the ratio of the environmental treatment cost to the sum of the power generated by the ICHES and purchased from external grids, therefore, the lower the ratio is, the more environmentally friendly the system. The environmental treatment cost includes the cost of treatment of the carbon dioxide emitted from fuel combustion for power generation and the cost of treatment of the carbon dioxide and dust generated during generation of the purchased electricity. The treatment cost is expressed as follows:
where Cost GS_pollu is the cost of treatment of the pollution due to the GS. The cost is expressed as follows:
where N GS_co 2 (t) is the emission of carbon dioxide, which is positively related to the output of the GS. The emission is calculated [18] with equation (13) as follows:
where τ 1 , τ 2 and τ 3 are the CO 2 coefficients of the GS, C GS_co 2 is the unit cost of carbon dioxide treatment and P GS (t) is the electricity produced in each period.
Cost in_pollu is the cost of treatment of the pollution caused by the generation of electricity purchased from external grids. The cost is expressed [4] by equation (14) as follows: (14) where N in_co 2 and N in_dust are the carbon dioxide and dust generated per generated kilowatt hour by the external grids, respectively, C in_co 2 and C in_dust are the costs of treatment of carbon dioxide and dust, respectively, in the external grids.
P GS , P PV and P WT are the total outputs of the GSs, PVs and WTs during the whole time frame, respectively. The outputs can be expressed uniformly as follows:
where m={GS,PV,WT}; N m (t) and P m (t) is the number and the output of each set during time frame t. P in is the electricity purchased from the external grids during the whole time frame T, which can be expressed as follows:
where P in (t) is the power purchased during time frame t.
3) ROBUSTNESS
The robustness is the capability of an intelligent community power supply system to recover after a certain disturbance. The power supply system of an intelligent community endures various disturbances over time. For example, the climate and weather impose impacts on renewable energy. In addition, seemingly stable types of equipment, such as a GS and storage bat, also fluctuate to a certain extent.
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These power fluctuations occur at a relatively high frequency, thereby affecting the operating status of the power supply system of the intelligent community at every moment throughout a day. In this paper, a linear weighted sum of the power storage robustness and power supply robustness is used to describe the robustness of power supply in an intelligent community. The aforementioned is expressed as follows:
where the sum of ω 1 and ω 2 equals 1. ω 1 and ω 2 are the fluctuation degrees relative to the power storage robustness and power supply robustness, respectively. Sta sto is the robustness of power storage and is the ratio of the power supply capacity of an MA to the electricity needed by the electrical loads during power system restoration when the rented power system crashes due to equipment malfunction or other reasons and the backbone grid is unable to generate an input temporarily. Sta sto (t) in each period can be expressed as follows:
where P load (t) is the power needed in time frame t, t is the allowable time for power restoration and E MA (t) is the total electricity the MA can provide during t. The permissible time for power restoration is generally 7 to 10 minutes. Sta e is the robustness of power supply. There are tremendous environmental uncertainties for the renewable energy power generation equipment exposed to external environments, such as PV units and WTs, making their probabilities of damage or failure between 0 and 100% in any given time period. When the aforementioned happens, it is necessary for the system to purchase electricity from external grids; however, the total power purchased from the external grids should not be greater than a certain proportion. The system can be regarded as stable if it can maintain its balance even when all PV units and WTs are damaged. Sta e (t) in each time period can be expressed as follows:
where
is the minimum effective rate of the total output of the PV units and WTs in the range that the system allows. To ensure the robustness of the urban grid, a theoretical ratio is set for the power volume purchased from backbone grids, and η is the upper limit.
B. CONSTRAINTS 1) SYSTEM POWER BALANCE
The access of MA, PV and WT units to the ICHES will impact the power supply of a traditional GS as well as the interaction with external grids. However, an overall power balance should be maintained, denoted as equation (20) as follows:
2) CAPACITY CONSTRAINTS OF BAT POWER STORAGE EQUIPMENT
To promote the longest possible working life of a bat, the charging and discharging events must be controlled within a certain range, which maintains the health of the bat. The aforementioned is denoted by equation (21) as follows:
where SOC(t) bat is the charged bat state in time frame t and SOC bat min and SOC bat max are the upper and lower bounds of the state of charge, respectively. P (t) bat is the charge or discharge power of bat, C bat is the capacity and V bat is the voltage of a bat.
3) MA CHARGE/DISCHARGE CONSTRAINTS
To support the daily travel of the MA and ensure the normal operation of the MA bat, the charging and discharge of the MA bat must be controlled within a certain range. This constraint is denoted as equation (22):
where SOC MA min and SOC MA max are the permitted upper bound and lower bound of the state of charge of the MA bat, respectively. SOC MA is the state of charge of the MA bat during each period, which has been identified by [4] and [18] as equation (23) as follows:
where d is the mileage travelled per day, W is the power consumption per unit distance and C is the battery capacity of the MA.
4) OUTPUT CONSTRAINTS OF THE POWER GENERATION EQUIPMENT
58784 VOLUME 7, 2019 where P PV _ max and P PV _ min , P WT _ max and P WT _ min , P GS_ max and P GS_ min are the upper and lower bounds of the output of PV, WT and GS, respectively.
5) SINGLE WT AND PV CONSTRAINT
The output of a WT is affected by the wind speed in each period [19] , which can be expressed as follows:
where V c , V r and V f express cut-in wind speed, rated wind speed and cut-out wind speed, respectively, C is a constant and v (t) is the wind speed at the wind tower. The output of a PV is affected by the electric current I PV and voltage U PV , and be expressed as P PV = I PV U PV .
IV. SOLUTION PROCESS A. SYSTEM RUNNING PROCESS
During the entire process of energy supply, PV units and WTs are the first line of supply for power. The aforementioned charge the bat when their output power is larger than the demand of the electrical load. The excess electricity is then sold to external grids. If the PV units and WTs cannot generate sufficient power (including the electricity discharged by the MAs), then the bat will discharge. A GS will be put into use if the generated electricity remains insufficient. Finally, purchasing from an external grid becomes a solution when additional power is required. Algorithm 1 shows details regarding the energy scheduling strategy during this process. To tackle the three objectives of the model, an invalid direction vector replacement mechanism is introduced based on 
C. MOEA/D-LPBI-DVA PRINCIPLE
This section introduces the added dynamic DVA mechanism and the idea of a local population solution in the MOEA/D-LPBI-DVA. The main framework of the improved algorithm is also presented in this section.
1) DVA MECHANISM
Invalid direction vectors are adjusted dynamically, and the optimal solution for each population can be obtained closer to the actual optimal solution. With the latter, the population corresponding to the direction vector is evaluated whether or not the population contains a non-dominant solution. Algorithm 2 describes the DVA mechanism in detail [20] .
2) PBI METHOD
The PBI method is a decomposition method that is suitable for most MOPs [21] - [23] . The LPBI approach of [12] that is used in this paper is more suitable for solving MOPs with irregular PFs. The PBI method is described [24] by equation (26) as follows:
As shown in Fig. 1(a) , where λ and z * are the weight vector and reference point, respectively. α is a presupposed penalty 1, N ) ) do while y j y j ∈ JointS do Calculate angle between two vectors ϕ ij ; if ϕ ij ≺ φ i then Calculate F PBI y j |λ i , α ; end end Select the regional optimal solutions y i = argmin F PBI y j |λ i , α ; end Update the optimal solution S based on the dominance relation; gen ← gen + 1; end parameter; Fig. 1(b) depicts an example of the combination of the DVA and LPBI methods and shows the process of adjusting the direction vector based on the density and the definition of the localized solution area. λ 6 is a direction vector that is judged to be invalid, and λ 4 is a newly inserted direction vector.
To improve the convergence speed and accuracy of the algorithm, the idea of a local solution [25] is added to the PBI decomposition method. As shown in Fig. 1(b) , the objective space is divided into N conical areas. The median line of each space is taken as the weight vector of the conical area. Then, the corresponding PFs in each neighbourhood conical area are obtained, whose angles are not larger than the average angle φ, by judging the candidate solutions. For example, φ 2 is the average angle of λ 2 in Fig. 1(b) . The average angle φ i of the i th direction vector is identified [12] by equation (27) as follows:
where ϕ k i is the angle between the k-th closest direction vector and λ i , m is the number of objectives.
3) OVERALL FRAMEWORK OF THE MOEA/D-LPBI-DVA
The MOEA/D-LPBI-DVA is performed by integrating the two improved methods mentioned above into the MOEA/D framework. Refer to algorithm 3 for a detailed description.
V. SIMULATION ANALYSIS A. SIMULATION DESCRIPTION
In this section, the improved MOEA/D-LPBI-DVA is applied to a typical intelligent community. Fig. 2 shows the flow of energy and information in a typical community. This paper supposes that all power generation equipment and storage equipment are rented according to the demands of each experimental period. PV, WT, bat and GS units can all be rented with upper limits of 15, 10, 20 and 10, respectively. The duration of every time period is 1 hour, and the total experiment time T is 24 hours. The wind speed, temperature, solar irradiation and electricity price over the course of 24 hours in the area are shown in Fig. 3 [4] , [12] . Under the condition of one PV and one WT, the generations are shown in Fig. 4(a) and (b) . The EV data are used for the MA in this paper because an MA in an intelligent community works similarly to an EV in the EI. The electrical load is shown in Fig. 4(c) .
This paper describes three operating modes for comparison to demonstrate the strength of the improved algorithm and the model presented. In comparison B, they are performed on the presented model. In comparison C, the MA works only as an electrical load. Discharging to an intelligent community or conducting charge-discharge processes are not considered. In comparison D, situations are compared in which the robustness may or may not be considered. Most power is generated by a traditional GS and purchased from an external grid during that period. The power generation capacity of the clean energy power generator is improved remarkably and begins to charge the power storage devices and electricity is sold to external grids due to the increase in wind speed and solar radiation from 6:00 to 18:00. Traditional turbine generators maintain relatively low power generation during this period. As shown in Table 1 , increasing the num- ber of traditional power generation equipment properly leads to an increase in the power generation proportion of the GS, which contributes to the power generation robustness. Likewise, increasing the number of electricity storage equipment properly contributes to the robustness of power storage. 6 shows the energy scheduling of the model presented here when the PICEA-g is applied. The second set of optimal solutions generated by the PICEA-g shows no advantage over the optimal solution of the MOEA/D-LPBI. As shown in Table 2 , the environmental impact ratio of power generation is relatively high when the cost is reduced. The latter mainly results from the lower environmental impact TABLE 2. Selected solutions using the PICEA-g. VOLUME 7, 2019 ratio of power generation caused by the relatively higher pollution treatment cost in the external grids when the number of traditional GSs decreases. The interaction cost will rise when the number of traditional GSs increases combined with too few electricity storage devices. To improve the environmental impact ratio of power generation and control the cost during the night and early morning, the power generated by traditional GSs and purchased from external grids should be balanced. Based on the analysis in Table 3 , the MOEA/D-LPBI-DVA achieves a lower environmental impact ratio of power generation when the system cost and robustness are similar to those of the former two algorithms. This result demonstrates that the improved MOEA/D-LPBI-DVA has certain advantages over the other two algorithms. Table 4 shows the comparison of the results of the same model between the three different algorithms with regards to the three sub-objectives. To better demonstrate the strengths of the improved MOEA/D-LPBI-DVA, the three algorithms are applied 20 times in this paper to compare the energy management and control optimization levels obtained with the three algorithms.
The results show that the improved MOEA/D-LPBI-DVA is superior in its performance with regard to solving this model and obtains a more balanced optimal solution.
C. COMPARISON BETWEEN MODELS WITH AND WITHOUT MA DISCHARGE
In this comparison, the impact of an MA on the electrical loads of the ICHES is taken into consideration. Two situations are considered: the MA works only as a normal load and the MA gets involved in the discharge; both situations are considered. The results are shown in Fig. 8 and Fig. 9 . . 8 shows the simulation results when the MA works only as an electrical load. The total cost is 5105, the environmental impact is 0.012, and the robustness is 0.615. Fig. 8(a) shows that the load of the MA in the entire simulation cycle is positive, and the load of the ICHES increases sharply at the peak of the MA charging peak because the simulation is conducted in a traditional way, i.e., the MA does not discharge. According to Fig. 8(b) , because of the continuous charging of the MA during 16:00-24:00 and the low output of renewable energy, the levels of the output of the GS and the power purchased from the external power grid are higher leading to increased levels of pollution emissions.
The results of the simulation of the MA involved in the discharge are shown in Fig. 9 . The total cost is 3278, the environmental impact is 0.007, and the robustness is 0.652. It is observed from (a) that the MA involved in the discharge during the peak-load causes the electrical loads to decline significantly in the period, which contributes to the relative robustness of the overall electrical loads in the ICHES. From (b), the intelligent charge-discharge of the MA results in less electricity being purchased from external grids and a shorter GS power supply period during the peak-load. The results explain the superiority of the intelligent charge-discharge of an MA.
D. COMPARISON BETWEEN SIMULATIONS WITH AND WITHOUT ROBUSTNESS
To verify the impact of the robustness, a comparison is made between the model without robustness and the model with robustness. The simulation results are shown in Fig. 10 and Fig. 7 . The simulation results of the model that dose not take robustness into account are shown in Fig. 10 . The robustness of multiple solutions under training is calculated manually. The figure shows that the robustness of renewable energy becomes less important because the robustness indicator is ignored, which results in additional renewable energy power generation equipment. Relatively fewer GSs will be found in the optimized solution to ensure a lower environmental impact ratio.
The results of the simulation of the model that considers robustness are shown in Fig. 7 . There are more PV and WT units in the model because the renewable energy power generation equipment costs less and generates less pollution than traditional GSs. However, the power supply capacities of the bat and GS must be improved because of the robustness constraint. Therefore, the number of bats and GSs exceeds those of the model that does not consider robustness. Only the cost and environmental impact are considered in the model, without considering robustness. Therefore, the data associated with these two objectives in Table 5 are better than those in Table 3 . In contrast to the different stabilities calculated manually for the three Pareto solutions in Table 5 , the overall robustness is relatively lower than that in Table 3 . Thus, the involvement of the robustness indicator does help the overall robustness of the ICHES. 
VI. CONCLUSION
This paper presents a hybrid energy optimization model in an intelligent community. Optimizations of the cost, environmental impact ratio of power generation and robustness were performed through effective management and the application of control measures to controllable power generation equipment, discharge processes of electricity storage systems and MAs, external grids, etc. According to the comparison of the results of the experiments with different algorithms, the improved MOEA/D-LPBI-DVA, can avoid unnecessary losses resulting from wrong directions and obtain a PF with a higher fitting level based on the invalid direction vector replacement mechanism which leads to better results in solving this practical problem. The analysis of the experimental results shows the validity of the hybrid energy optimization model presented in this paper. The ICHES is able to effectively control the number of units of equipment through the electricity prices and loads in the intelligent community. Compared with other models that consider only the power generation cost and pollution, the model presented in this paper ensures the robustness of an ICHES. His current research interests include intelligent optimization, smart micro-grid, and energy management.
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